As one of the important concepts in conventional quantitative genetics and breeding, genetic gain can be defined as the amount of increase in performance that is achieved annually through artificial selection. To develop pro ducts that meet the increasing demand of mankind, especially for food and feed, in addition to various industrial uses, breeders are challenged to enhance the potential of genetic gain continuously, at ever higher rates, while they close the gaps that remain between the yield potential in breeders' demonstration trials and the actual yield in farmers' fields. Factors affecting genetic gain include genetic variation available in breeding materials, heritabil ity for traits of interest, selection intensity, and the time required to complete a breeding cycle. Genetic gain can be improved through enhancing the potential and closing the gaps, which has been evolving and complemented with modern breeding techniques and platforms, mainly driven by molecular and genomic tools, combined with improved agronomic practice. Several key strategies are reviewed in this article. Favorable genetic variation can be unlocked and created through molecular and genomic approaches including mutation, gene mapping and dis covery, and transgene and genome editing. Estimation of heritability can be improved by refining field experiments through wellcontrolled and precisely assayed environmental factors or envirotyping, particularly for understanding and controlling spatial heterogeneity at the field level. Selection intensity can be significantly heightened through improvements in the scale and precision of genotyping and phenotyping. The breeding cycle time can be short ened by accelerating breeding procedures through integrated breeding approaches such as markerassisted selec tion and doubled haploid development. All the strategies can be integrated with other widely used conventional approaches in breeding programs to enhance genetic gain. More transdisciplinary approaches, team breeding, will be required to address the challenge of maintaining a plentiful and safe food supply for future generations. New opportunities for enhancing genetic gain, a high efficiency breeding pipeline, and broadsense genetic gain are also discussed prospectively.
Introduction
Genetic improvement or breeding progress has been described by the concept of genetic gain, and measured by the difference between a selected population and its offspring population (Fig. 1) . Genetic contributions, first formalized by James and McBride (1958) , have underpinned the development of methods for maximizing genetic gain while managing inbreeding and loss of genetic diversity (Woolliams et al., 2015) . In the molecular breeding era, the expected genetic gain per year can be defined as: ΔG=i r σ A /t, where ΔG is the response to selection, i is the intensity of selection (mean deviation of selected individuals in units of phenotypic standard deviation), r is the selection accuracy, σ A is the standard deviation of breeding values (Falconer and Mackay, 1996) or genetic standard deviation (the square root of the additive genetic variance), and t is the breeding cycle time. In the context of genomic selection (GS), r is the correlation between true breeding values (TBVs) and genomic-estimated breeding values (GEBVs), while in the context of phenotypic selection, r is equal to the square root of the narrow-sense heritability (h), and thus ΔG=i h σ A /t (Meuwissen, 2003; Heffner et al., 2010; Bassi et al., 2016) Genetic variation in major crops has been successfully unlocked, shuffled, recombined, and sometimes created, by plant breeders over the last century to achieve yield increase.
Plant breeding together with better agronomic practices resulted in the Green Revolution in the 1960s with dramatic yield gains, particularly for wheat and rice in developing countries (Koning et al., 2008) . Classical wheat breeding in the last century experienced dramatic evolution, pushing the annual genetic gain to reach 1% in yield potential (Oury et al., 2012; Fisher et al., 2014a) . For example, positive linear increases in average yield from 1930 to 2012 have been achieved for three major crops in the USA, maize, wheat, and soybean, with the highest annual gain for maize (0.11 t) followed by wheat (0.028 t) and soybean (0.023 t) (USDA-National Agricultural Statistics Service , 2013). However, crop yield growth has been slowing down more recently. Yield growth (percentage per year) for maize, rice, wheat, soybean, sugarcane, and vegetables has reduced from 2.20, 2.19, 2.95, 1.79, 0.70, and 1.55 for the period 1960-1990 to 1.74, 1.07, 0.79, 1.49, 0.69, and 1.10 for the period 1990-2010, and it is expected that the yield growth for the period 2010-2050 will be further reduced to 1.33, 0.62, 0.63, 0.91, 0.73, and 0.71, respectively (Pardey et al., 2014) .
To meet the projected 100% increase in global demand for food, feed, and fiber by 2050 (Tilman et al., 2011) , linear progress will need to be increased. For example, global harvests of three major cereals, maize, wheat, and rice, have to increase at an annual compound rate of between 1.16% Fig. 1 . Selection response and its improvement approaches. (A) Effects of selection ratio (k) and phenotypic variation (standard deviation, σ) on selection differential (S). Genetic variation can be unlocked and created through various genetic and genomic approaches, and the selection rate can be decreased via cost reduction and scale/precision improvement for genotyping and phenotyping. (B) Genetic gain is determined largely by heritability of the target trait, with three cases described, no genetic gain achieved when h 2 =0, full response achieved when h 2 =100%, and partial response achieved when 100%>h 2 >0. Heritability estimation can be improved via precision phenotyping and envirotyping. (C) MAS (MARS or GS) moves the mean of the selected population in advanced cycles ( y 3 ) beyond the parental population by greatly increasing the frequency of favorable alleles, compared with the lines selected for recombination from the starting cycle (C 0 ) ( y 1 ) and the lines developed by pedigree selection ( y 2 ). Genetic gain per unit time can be improved through shortened cycle time by integrated breeding strategies. and 1.31% per year (Hall and Richards, 2013; Fisher et al., 2014b) to cope with the 2% yearly increase in the world population (FAO, 2011) , so do the efficiency, reliability, and speed of genetic improvement. Such a further increase is very challenging, because there is limited room to improve the harvest index further (Fischer and Edmeades, 2010) and prospects are elusive for significant improvement of photosynthesis or drought tolerance (Hall and Richards, 2013) .
On the other hand, the genetic gain that has been achieved in breeders' experimental stations have not been realized in farmers' fields (Fig. 2) . Changes in climatic patterns, arable land, and water availability now provide additional challenges for ensuring yield stability across diverse environments (Brummer et al., 2011) and for closing the yield gap. As pressure on the availability of arable land and other natural resources is much higher now than in 1960 (van Ittersum et al., 2013) , the use of resources (e.g. water, land, energy, nutrients, and other inputs) has to be optimized. The yield gap can be measured by the diffe rence between the potential yield realized under optimal experimental conditions (Allwright and Taylor, 2016) and the actual yield. The yield gap has been analyzed for rice (Laborte et al., 2012) , maize (Neumann et al., 2010) , and cassava (Manihot esculenta) (Fermont et al., 2009) . In terms of the global average, the actual yield could be as low as 30% of the potential yield (e.g. in rice; Gomez, 1977) . Under biotic and abiotic stresses, the gap is much larger. For example, national maize yields in the tropical rainfed environments, especially in sub-Saharan Africa and South Asia, under an array of abiotic and biotic stresses could be as low as 1-3 t ha -1 , compared with the global average of 5 t ha -1 . Therefore, developing and deploying high-yielding, climate-resilient crops (with tolerance to water, temperature, and biotic stresses), coupled with climate-smart agricultural practices, are critical for closing yield gaps and reducing the high risk and vulnerability, particularly for smallholder farmers (Fig. 2) .
Further improvement in genetic gain to meet our future demand for agricultural products needs to utilize modern breeding techniques and platforms, implemented with improved agronomic practice, including improved fieldbased phenotyping, better understanding of the genetic architecture of traits, utilization of modern breeding tools/strategies, and enhanced public-private alliances to ensure that the improved crop products effectively reach the farmers vulnerable to climate change with limited resources (Prasanna, 2016) . In this review, we discuss the potential approaches in the era of molecular breeding for enhancing genetic gain through increasing potential and gap closing.
Unlocking and creating favorable genetic variation
Genetic variation provides the foundations for selection response in plant breeding. Selection results in the change of allele and gene frequencies in the target population due to Fig. 2 . Enhancing genetic gain through increasing potential (potential-increasing) and gap-closing. Left panel: four approaches to potential-increasing, which are associated with genetic variation, heritability, selection intensity, and breeding cycle time. Central panel: an example from rice for the yield gaps, the differences between theoretical potential, and actual farm yield (revised with permission from Gomez KA. 1977 . On-farm assessment of yield constraints: methodological problems. In: Constraints to high yields on Asian rice farms: an interim report. Los Baños, Philippines: IRRI, 1-16.). Right panel: gap-closing through breeding, improved crop and field management, and optimized socio-economic governance and policy.
differential reproduction of genotypes resulting in the change of genotypic and phenotypic values for the selected trait (Table 1 ; Fig. 1 ). Genetic variation exists in various genetic materials, such as elite lines, ecotypes, landraces, subspecies, or wild relatives, but could be mostly hidden. Genetic variation existing in a natural population is affected by many factors including population size (N) and gene flow and mutation (Fig. 3A) . For a specific trait, genetic variation comes from many genes with different effects and interacting with each other, and in many cases it is masked by interaction with environments. In plant breeding, only a limited proportion of the genetic variation has been explored so far for maximizing genetic gain (Tanksley and McCouch, 1997) . Genetic variation existing in some germplasm, such as landraces and wild relatives, may not be considered as manageable resources, as germplasm could be too diverse to be used directly and have to undergo a pre-breeding process. Unlocking genetic variation from different ecotypes, landraces, and wild relatives, through genetic approaches such as large-scale and systematic identification and characterization of quantitative trait loci (QTL) (Salvi and Tuberosa, 2015) , could help identify alleles or haplotypes that may not exist in cultivated crop varieties, and add them to the existing elite gene pool. Novel genetic variation/traits can be identified and created through various approaches. Gene pyramiding/accumulation can increase the scope of variation. Transgenes can be used to bring novel traits by stacking genes, cis-genic approaches, and introducing genes from outside the crop species, which has been discussed intensively in the literature and will not be addressed herein. Genes can be modified and changed through genomic editing . Hunting in the gene bank has changed from hunting to shopping due to unlocking and creating genetic variation at the whole-genome and functional levels. Unlocking and creating favorable genetic variation is largely governed by genome sequencing and the construction of pangenomes.
Full coverage of genetic variation
Strategies for unlocking favorable genetic variation have been built up by discovering the diversity at individual marker loci across the genome. To unlock full genetic variation for a crop species, whole-genome coverage should be achieved through broad and deep resequencing (Bevan et al., 2017;  Table 1 ; Fig. 4 ). For example, the number of single nucleotide polymorphisms (SNPs) discovered increases as a function of sample size (Fig. 3B ). For most crop species, however, sequencing has been largely based on single reference genomes. The first step in the sequencing effort has left huge gaps in detection of genetic variation (Fig. 4) . (Springer et al., 2009) and within an expanded panel including teosinte (ancestral maize) lines (Swanson-Wagner et al., 2010) demonstrated that a considerable portion of the genome (~50%) was not shared; while only 50% of Hi-seq reads from tropical maize can be mapped properly, ~80% of the SNPs from landraces cannot be mapped (Wenzel, 2014) . Transcriptome sequencing of 503 maize inbred lines identified 8681 representative transcript assemblies (RTAs), 16.4% of which were expressed in all lines, compared with 82.7% expressed in line subsets, and ~50% being absent in the B73 reference (Hirsch et al., 2014b) . From 13 382 nuclear expression presence/ absence variation (PAV) candidates, 2355 high-confidence novel sequences were found to be absent in the current B73 reference genome (v2) (Jin et al., 2016) . In rice, 15-20% of the sequence reads cannot be mapped to the reference Nipponbare (McNally, 2014) .
Genomic gaps from such a partial genome coverage have contributed to the following observations in genetics and breeding: (i) loss of the target gene in map-based cloning (the gene can be rough mapped but is lost during fine mapping); (ii) no significant marker-trait association that can be identified for the observed phenotypic difference [which may indicate that ≥40% of important QTL/genes are missing in genome-wide association studies (GWAS) ; Fig. 4 ]; (iii) ascertainment bias in population genetic analyses, including gene diversity, population structure, linkage disequilibrium (LD), identical-by-descent (IBD), and haplotypes; and (iv) inefficient marker-assisted selection (MAS) with unpredicted results, and, in most cases, realized genetic gain being much lower than expected.
Therefore, a multiple genome-based reference, a pangenome, is needed for unlocking genetic variation that is hidden in diverse germplasm collections through whole-genome strategies, which provides a complete profile of genetic variation, including favorable alleles and haplotypes, at various omics levels across elites, landraces, and wild relatives Golicz et al., 2016) . To chart and utilize the genetic diversity in crop species, large-scale resequencing has been undertaken for a huge number of elite lines, landraces, and wild ancestors, as shown in maize (Chia et al., 2012) and sorghum (Mace et al., 2013) . Genomes are dynamic at the species level. Some genes are core and present in every individual, while others are dispensable and only present in a subset of individuals, both collectively constituting the pangenome. To achieve a full genome coverage of genetic variation with currently available sequencing technologies, a crop species should be resequenced with three 1000×s (1000 genomes each resequenced at 1× to achieve a good germplasm representativeness, 100 genomes each resequenced at 10× to achieve both a good germplasm respresentativeness and a better genetic diversity coverage, and 10 genomes each resequenced at 100× to close genomic gaps by constructing read contigs using highly duplicated resequenced data) (Xu, 2014; Fig. 4) . In maize, such three 1000× genomes are available now, and the full coverage has been achieved through integrating all sources of sequence data including the genotyping by sequencing (GBS) data from >60 000 inbreds and de novo sequencing of multiple inbreds (E.S. Buckler, personal communication) . Integration of information has been based on multiple linkage maps including NAM (nested associated mapping) populations and reads contigs constructed using GBS. With all these efforts, genetic variation hidden in tropical inbreds, landraces, and wild relatives can be fully explored.
The abundant structural variation across a species hinders accurate assembly of the pangenome via sequence alignment. F. demonstrated an approach to facilitate pangenome construction in maize. By reduced representation sequencing of 14 129 maize inbred lines, 26 million tags were generated, 4.4 million of which were accurately mapped as sequence anchors, as shown in Fig. 4 . Efficient mapping of ultra-high-density pangenome sequence anchors allows structural variation to be finely characterized, which in turn will facilitate crop genetic improvement. A pangenome of Glycine soja, the wild relative of cultivated soybean, was established by sequencing and de novo assembly of seven representative accessions . Intergenomic comparison identified lineage-specific genes and genes with copy number variation (CNV) or large-effect mutations. Approximately 80% of the pangenome was present in all seven accessions (core), whereas the rest was dispensable and exhibited greater variation than the core genome. Initial efforts on development of pangenomes were also reported in rice (Schatz et al., 2014) and Brassica rapa (Lin et al., 2014) .
Successful pangenome development largely depends on integration of functional and phenotypic information. The pangenome and the trait diversity can only be linked by accurate functional information (Golicz et al., 2016) . Databases need to be established to incorporate all pangenomic information including SNPs, indels, non-coding RNAs, and transposable elements. By integrating genomic and gene expression data, the core genome, variable genome, and the expression levels can be linked (Golicz et al., 2016) . On the other hand, the exome represents a region where mutations are likely to affect protein structure and function, and is many times smaller than that of Fig. 4 . Development of pangenomes to close gaps in terms of the genetic variation at different levels, sequence gaps, haplotypes, and hapmaps. Gaps in single reference genomes are closed by de novo sequencing of multiple diverse genomes and large-scale deep resequencing, combined with linkage mapping of unique reads (P 1 -P 6 represent different parental lines used for development of mapping populations, and blue arrows represent pangenome construction by filling the gaps through linkage mapping and deep sequencing). A hapmap is constructed using genome-wide haplotypes represented by tag SNPs.
the whole genome, making exome sequencing data more easily manageable and applicable in plant breeding (Warr et al., 2015) .
Discovery of sequence variation at low cost has become possible through diverse methods including skim sequencing, reduced representation GBS, transcriptome sequencing, or sequence capture approaches (Voss-Fels and Snowdon, 2016) . Crucially, GBS and its improved versions are extremely cost competitive compared with array-based technologies, which typically involve low numbers of samples and high set-up costs. This opens up major opportunities for application in minor agricultural species and studies of natural populations.
There are several other factors contributing to biased estimation of genetic variation for some specific genomic regions and specific populations. For example, the genomic regions hosting genes for segregation distortion or gametophytic and sporophytic lethality cannot be estimated as accurately as normal regions. Recombination frequency has a profound effect on patterns of genetic variation and species evolution (Henderson, 2012) . Variation in a specific population may be under-or overestimated because of artificial or natural selection that has occurred during population development (Xu et al., 1997) . For example, doubled haploid (DH) populations may have experienced selection due to different responses to specific DH development approaches such as anther culture or use of inducers for haploid induction. Recombinant inbred line (RIL) populations may have suffered from environmental stresses during selfing and generation advancement.
Marker types and chromosomal distribution have significant impacts on genetic variation detection and prediction. In wheat, for example, GEBV prediction accuracies with GBS were significantly better than with diverse array technology (DArT) data (Poland et al., 2012a) . One of the reasons is that GBS markers are uniformly distributed across the genome, while the DArT markers tend to cluster with low density in the centromeric regions and the D genome (Akbari et al., 2006; Poland et al., 2012b) .
Functional diversity
Traditional molecular markers such as restriction fragment length polymorphisms (RFLPs) and many PCR-based markers are developed from sequence polymorphisms which do not have any relationship to functional genes or alleles. Newgeneration markers, such as SNPs, CNVs, PAVs, and their alleles and haplotypes provide high resolution of genetic diversity so that they can be easily associated with genes and their functions.
Recent developments in genome sequencing make it possible to construct haplotype maps to cover an entire genome (Gore et al., 2009; Huang et al., 2010; Lam et al., 2010; Chia et al., 2012; Li et al., 2014; Bukowski et al., 2015; Kumar et al., 2016) . In general, a haplotype can be defined as a set of genes within an organism that was inherited together from a single parent or ancestral line. The term haplotype can be used to describe a pair of genes or all of the genes on one chromosome inherited together from one parent (Fig. 4) . Therefore, haplotypes can be identified using SNP markers collected across elite lines, ecotypes, landraces, and wild relatives, and the concept can also be extended to cover many markers from a gene, a chromosome, or even a genome.
Haplotype effects are highly dependent on genetic and environment contexts. One of the breeding applications is to track high-value haplotypes that carry specific alleles of interest and their combinations. For example, novel heterozygous chromosome blocks associated with hybrid performance can be traced by genome sequence imputation, using large, structured populations of inter-related F 1 hybrids (Snowdon et al., 2015) . GBS combined with reliable pedigree information has been used to predict genotypes for specific IBD alleles with high accuracy for all haplotypes of interest (Romay et al., 2013) . However, care should be taken when using the pedigree information for genotype prediction. First, pedigree information provided by breeders could be different from the real pedigree for the parents. Secondly, the relative contribution of each parent to the same cross combinations varies greatly, depending on how two parents have been used in the combinations and what selection has been made during development of the line. With marker data available for both parental lines and their progeny, more reliable pedigree information and haplotypes can be inferred or reconstructed, and the relative contribution of each parent can be well defined.
Structural variations (SVs) substantially contribute to genetic variation and have an important effect on phenotypic and functional diversity. CNVs result in an abnormal number of copies of one or more sections of the DNA in the cell. PAVs, the most extreme form of CNVs, result in many genes that cannot be mapped through regular linkage mapping with SNP markers. CNVs/PAVs influence many known biological processes, including metabolite production, flowering time, submergence tolerance, phosphorus uptake, and biotic stress response (Golicz et al., 2016) . The array-based CGH (comparative genomic hybridization) approach based on comparison of genomic content among 19 maize inbreds and 14 teosinte genotypes identified >3000 genes including PAVs (Swanson-Wagner et al., 2010) . Analysis of the whole genomes of six elite maize inbreds identified 296 PAV genes that were present in B73 but absent from at least one of the six lines (Lai et al., 2010) . Among the 4.4 million tags accurately mapped as pangenome sequence anchors, 1.1 million (26%) are PAVs, suggesting that B73 contains ~74% of the low copy sequence of maize (J. . A total of 13 382 nuclear expression PAV candidates (ePAVs, expressed in 5-95% lines) were identified by RNA sequencing of 368 maize diverse inbreds, with only ~1% of the ePAVs explained by DNA sequence PAVs (Jin et al., 2016) .
The widespread dispensable genes have been proposed to be important for phenotypic diversity in inbred collections and for heterotic performance in maize hybrids (Lai et al., 2010; Hansey et al., 2012) . Among 119 PAVs present in Mo17 but absent from B73, 57 were validated by PCR and several were also found to be related to disease resistance (Jiang and Reif, 2015) . The base population and the populations selected for large and small grain sizes in the maize Krug Yellow Dent long-term divergent seed size selection were examined using 3 million SNPs, indicating that CNV was highly prevalent between the selected populations (Hirsch et al., 2014a) . In sorghum, from 5511 genic small size PAVs examined, 325 PAV markers were developed to construct a genetic map (Shen et al., 2015) . Functional diversity associated with structural variation should be widely explored in mining genetic resources.
The main contributions of crop wild relatives (CWRs) to crop improvement have been traits for greater nitrogen use efficiency, as well as genes and alleles useful for adaptation to stressful environments such as water stress, salinity, and extreme temperatures. Accessing genetic diversity hidden in CWRs may provide novel functional genes and alleles that could support adaptation of germplasm to vulnerable environments (Lakew et al., 2012) . A systematic CWR evaluation may define diversity patterns, which will facilitate functional allele identification for improving yield and abiotic stress adaptation (Dwivedi et al., 2016) . Evaluation may be greatly facilitated by integrating de novo sequencing with resequencing and analysis of the relevant nuclear genome, transcriptome, and chloroplast and mitochondrial genomes. Genome analysis allows us to discover functional alleles in CWRs and identify genomic regions in which diversity has been lost in domestication (Brozynska et al., 2016) . On the other hand, a panel of novel genes and alleles may be created by developing new crops from CWRs. Genomic tools can be exploited to accelerate domestication of new species , such as new cereals for use as whole grain or ground into flour for other food products.
Unlocking and creating genetic variation and the followup functional diversity analysis greatly depend on gene discovery. Gene cloning has been very successful for qualitative traits, with numerous genes cloned through both forward and reverse genetic approaches. To enhance genetic gain for crop products, it is more important to clone the QTL controlling quantitative traits to understand gene function and associated diversity. Most plant QTL have been cloned through two major approaches, positional cloning using biparental crosses and association between allelic variation at a candidate gene and a phenotype using existing germplasm accessions, both being largely assisted by using introgression and mutation libraries, near isogenic lines, and panels of unrelated accessions. The two approaches have been facilitated by in silico cross-matching of candidate sequences with QTL because of the completion of genome sequences and improved bioinformatics. QTL could also be identified by combining quantitative genetics with insertional mutagenesis Tuberosa, 2005, 2007) . Some significant examples for crop QTL cloning include a submergence tolerance gene (sub1) (Xu et al., 2006) and a root system architecture gene (DRO1) (Uga et al., 2013) in rice, a Fusarium head blight resistance gene (Fhb1) in wheat (Rawat et al., 2016) , a plant architecture gene (tb1) (Doebley et al., 1995) and head smut resistance (qHSR1) (Zuo et al., 2015) in maize, and fruit weight (fw2.2) in tomato (Frary et al., 2000) . These identified genes have been largely characterized for functional and allele diversity. In the future, whatever facilitates accurate mapping (e.g. consensus maps) and cloning will be instrumental to feed into breeding programs and accelerate genetic gain. Mutagenesis and candidate gene editing and validation are likely to accelerate the discovery of the genes underlying quantitative variation.
Mutagenesis and TILLING
Traditional mutagenesis with chemical mutagens has been widely used to create genetic variation for development of many plant varieties at relatively low cost (Till et al., 2007) . Mutagens such as ethyl methanesulphonate (EMS) cause stable point mutations and thus produce an allelic series of truncation and missense changes. Targeting Induced Local Lesions in Genomes (TILLING) combines traditional chemical mutagenesis (usually using EMS or sodium azide) with high-throughput genome-wide screening for point mutations in target genes, providing a powerful way to create novel mutant alleles for plant breeding (Till et al., 2003; Chen et al., 2014) . TILLING has lower mutation frequencies in diploid species, resulting in a very large population required to saturate the genome coverage Caldwell et al., 2004) . This character makes it best suited for crop species with small genomes.
EcoTILLING examines an accession (variety or inbred line) against a reference genome in a one-on-one comparison with a reference genome (Comai et al., 2004) . It can define unique patterns for individual accessions, identify a wide range of haplotype diversity in target genes and patterns of SNPs shared among accessions in natural populations, and reveal selection in different gene regions (e.g. decreased diversity within exons versus introns) as well as among genes (Weil, 2009 ). Both TILLING and EcoTILLING reveal point mutations and naturally occurring SNPs that influence amino acid sequence.
TILLING screening can identify individuals with heterozygous recessive mutations, which are usually missed in phenotyping, and the polymorphism of the target gene can be used in MAS (Wilde et al., 2012) . TILLING resources have been developed for many crop species including wheat, rice, maize, barley, soybean, sorghum, potato, peanut, oat, and tomato (as reviewed by Chen et al., 2014) . TILLING technology has been improved through development of alternative mutation screening methods, including those based on electrophoresis of CELI-digested products and those that do not rely on mismatch cleavage by endonucleases, such as high-resolution melting analysis and sequencing (Wang et al., 2012) . To reduce the cost of genome sequencing, strategies for selective enrichment of desired targets have been developed. In polyploid species, the major bottlenecks lie in combining mutations in different homoeologous genes and subsequent mutant characterization . Developing highthroughput and low-cost phenotyping procedures is one of the most important steps for improving TILLING efficiency.
Relatively easy operation and the fact that it is less timeconsuming make TILLING popular in gene functional studies. Successful examples include an EMS mutant allele of MtPT4 (mtpt4-1) identified and characterized to confirmed the function of MtPT4s in Medicago truncatula (Javot et al., 2007) , the function of the conserved CR1 region of the Poor Homologous Synapsis 1 (PHS1) gene identified in maize (Ronceret et al., 2009) , three independent E1 missense mutants identified to confirm the function of E1 in delaying flowering in soybean (Xia et al., 2012) , the FEA2 locus controlling quantitative variation identified for maize kernel row number (Bommert et al., 2013) , and broad-spectrum resistance to potyviruses by combining two null mutations affecting eIF4E1 and eIF4E2 in tomato (Gauffier et al., 2016) .
Novel variation or alleles identified in TILLING could be used for elucidating gene function, and as valuable resources for plant breeding. As an alternative to the use of wild varieties, TILLING can introduce genetic variation into an elite germplasm from exotic germplasms without introduction of undesirable agronomic traits . As most mutations are not visible, MAS for the favorable trait would greatly help for its introgression (Sikora et al. 2011) . With the development of sequencing technology and highly improved software and logistics, SequeTILLING/SequeEcoTILLING will replace traditional CELI-based TILLING/EcoTILLING strategies. In concert with increased genome editing capabilities, to be discussed in the following section, and sequenced crop plant genomes, TILLING by sequencing (TbyS) will accelerate crop functional genomics studies and plant breeding by cataloging gene sequence variation to provide an in silico resource for discovery of gene function and new variation (Uauy et al., 2013; Kumar et al., 2017) .
Genome editing
By inactivating genes, generating functional alleles, replacing mutant alleles, or creating site-specific transgene integration, genome editing is used to make predicted changes in the DNA sequence or precisely insert exogenous DNA . Several engineered endonucleases can precisely target a specific DNA sequence to create double-stranded DNA breaks (DSBs), including zinc-finger nucleases (ZFNs) (Carroll, 2011) , transcription activator-like effector nucleases (TALENs) (Mahfouz et al., 2011; Li et al., 2012) , and clustered regularly interspaced short palindromic repeats (CRIPSR)-associated systems (CRISPR/Cas) (Cong et al., 2013) . Compared with ZFNs and TALENs technologies, the CRISPR/Cas9 system is based on RNA-guided engineered nucleases, and is easier to manipulate and capable of introducing DSBs at multiple sites (Xing et al., 2014) with potential to edit multiple target genes in the same pathway (Wang et al., 2015; Xie et al., 2015) . Two important studies (Cong et al., 2013; Mali et al., 2013) have established an RNA-guided editing tool for easy, robust, and multiplexable genome editing. Recent developments in the CRISPR/Cpf1 system (Zetsche et al., 2015) , RNA-targeting CRISPR effector C2c2 (Abudayyeh et al., 2016) , CRISPR-directed mitotic recombination (Sadhu et al., 2016) , and optimized sgRNA (single guide RNA) designed to maximize activity and minimize off-target effects (Doench et al., 2016) enable rapid and systematic identification of causal variants and associated functional alleles underlying traits of agronomic importance.
In crop plants, the CRISPR/Cas system has been reported for efficient targeted mutagenesis in rice (Miao et al., 2013; Shan et al., 2014) , introduction of specific mutations in wheat , gene mutations following classic Mendelian law , positive correlation between the Cas9 expression level and mutation frequency (Masafumi et al., 2015) , genome editing with the Agrobacterium tumefaciensmediated CRISPR/Cas system , generation of large chromosomal deletions and heritable small genetic changes , and 'transgene clean' targeted rice (Xu et al., 2015) . In maize, the CRISPR/Cas system induced targeted mutations in protoplasts with an efficiency of 13.1% (Liang et al., 2014) , and targeted mutagenesis, precise gene editing, and site-specific gene insertion (Svitashev et al., 2015) . The targeted replacement of a gene of interest has been achieved in maize via the stable transformation of both CRSPR/Cas9 and a DNA repair donor template by designing the same sgRNA target sites to delete the plant target gene and the DNA donor that facilitated homologydirected repair (HDR) . Four maize genes, namely acetolactate synthase (ALS2) for plant resistance to chlorsulfuron, a sulfonylurea class of herbicides, two male fertility genes (MS26 and MS45), and liguleless 1 (LIG), have been edited recently by biolistic delivery followed by regeneration of plants with mutated and edited alleles (Svitashev et al., 2015) . In addition, CRISPR/Cas-based genome editing has been also reported in other crops including wheat , soybean (Sun et al., 2015) , tomato (Brooks et al., 2014) , and poplar (Fan et al., 2015) .
Looking towards the future, potential applications of genome editing include transgene stacking using recombinases (Srivastava and Thomson, 2016) , genome editing across diverse plant species using various designed nucleases (Weeks et al. 2016) , targeted mutation using oligonucleotides (Sauer et al., 2016) , and development of transgene products for commercial traits (Petolino and Kumar, 2016) . In plant breeding, desirable genome editing should involve DNA-free editing and avoid off-target effects, with the capacity of mutating regulatory elements and working on more complex genome rearrangements, which could be realized through deployment of Cas9 orthologs and new game players such as Cpf1. Enhancing gene targeting frequency, targeting enzymatic activities, such as transcriptional regulators or DNA-modifying enzymes, and introducing mutations without breaking DNA will be important in the future (Puchta, 2017) . With improved efficiency, genome editing will move from targeting individual loci to editing at the whole genome level (genome-wide editing).
Refining field experiments to improve heritability estimation Improvement of heritability estimation by refining field experiment is the second approach to enhancing genetic gain (Table 1 ; Fig. 2 ). Basic concepts and strategies for improving heritability estimation will be discussed in this section.
Variance components and environmental variation
Heritability is a measurement of genetic variation compared with environmental variation, and is estimated by the ratio of genetic variance (V g ) to phenotypic variance (V p ), the latter being partitioned into V g and V e (environmental variance) (Fig. 1B) . Phenotypic variance estimation depends on the populations used and their properties. For permanent segregating populations, such as DHs and RILs, the phenotypic variances can be estimated using family-based phenotyping in multiple locations and years with the same set of genotypes, so that more reliable and stable estimators can be obtained. For temporary segregating populations, phenotypic variances can only be estimated by using individuals, each representing a unique genotype, and trials in different locations or years are usually based on different sets of individuals, contributing an additional variance to the estimators. For some crops, each plant has multiple tillers or ratoons, which can be used in multienvironmental trials (METs), while for others their early segregating generations (e.g. F 3 families) can be maintained without significant change of genetic constitution by within-family bulked pollination.
Environmental effect and genotype by environment interaction (GEI) have been estimated using phenotypic variances obtained through METs. Alternatively, V e can be estimated directly by environmental assay or envirotyping. The word 'envirotype' (environment+type) is coined to represent all environmental factors that affect plant growth and yield, while envirotyping is used to refer to the process for characterization and measurement of these factors (Xu, 2011 (Xu, , 2012 (Xu, , 2016 Xu et al., 2012) or the collective body of methodologies that are applied to characterize environments and the frequent repeatable environment types (Cooper et al., 2014) . Envirotyping will help in speeding up variety commercialization by increased selection accuracy, improved METs, and optimized variety evaluation.
Environment management and error control
Experimental errors increase environmental variance and thus decrease heritability estimation. These errors largely come from microclimate variability, inconsistent crop management and soil fertility, unpredictable events such as insects, diseases, weeds, microorganisms, undesired plants and animals, winds, rainstorms and hail, and the differences caused by experimenters and farmers in their observation, measurement, and production. They can be minimized through various approaches by increasing the 'signal-to-noise' ratio with careful trial site selection, uniform experimental materials, common standards and uniform agronomic practices, appropriate experimental design, border effect control, and other field-based techniques (Xu et al., , 2013 Klukas et al., 2014) . Climatic and soil moisture conditions can be characterized by established wire-less sensor networks that allow monitoring of environmental conditions and thus the control of environmental errors (Araus and Cairns, 2014) .
Carefully controlled or managed environments (such as those with pots, soil-filled pipes, and hydroponics) are often favored by molecular biologists, and become increasingly important as they permit selection under managed abiotic stresses (Rebetzke et al., 2013) . For the traits that are very difficult or virtually impossible to measure accurately in many plants in the field, controlled environments may be a better option. However, they could be very different from the target environments plants will experience in the field (Masuka et al., 2012) and far removed from the situation. For example, experimental pots contain a considerably smaller volume of soil available to roots, thereby providing plants with a limited amount of water and nutrients (Poorter et al., 2012; Reynolds et al., 2012) . Therefore, estimated heritability and selection results from controlled environments cannot be extrapolated to natural field conditions (Araus and Cairns, 2014) . In future experimental designs, more attention should be paid to maintain the balance between managed and field environments and optimize the environment error control.
Environmental variables and envirotyping
Characterization and measurement of environmental factors provide the foundation for refining field experiments. Environmental factors can be classified into four categories, climate, soil factors, biotic factors, and crop management. Climate factors, such as temperature, radiation, precipitation or water availability, and wind, determine where a plant can grow, while other factors determine how a plant grows. Some companion organisms, such as pathogens, insects, and weeds, cause damage or stresses to the plants. Crop management, such as intercropping, rotating, and agronomic practices, can also be considered as a unique environmental component. Human activities involved in crop production have contributed to some significant environmental changes such as fertility depletion, air pollution, acid rain, water contamination (toxic element accumulation), noise (dynamic disturbance), salinity, land weathering, and desertification. Extreme environments and wild fluctuation of environmental factors caused by climate change and global warming impose severe stresses on plants. To refine field experiments, more attention should be paid to characterization and measurement of the biotic stresses caused by pathogens, insect pests, and other companion or symbiontic organisms, as they are less predictable than abiotic stresses associated with soil or climate factors.
Envirotyping has been implemented through systematic collection of environment-related data in METs, Geographic Information Systems (GIS) for all types of geographical data, and worldwide soil information systems for soil data (Xu, 2016) . For example, soil texture and type, soil water storage capacity, soil water in season, and waterlogging can be measured by currently available techniques (Whelan and Taylor, 2013) . All information about soil sealing, erosion, organic matter loss, biodiversity decline, contamination, compaction, hydro-geological risks, and salinization can be found from Soil Atlases currently available (http://eusoils.jrc.ec.europa.eu, last accessed on April 26 2017). Crop canopy can be characterized with data collected for light, temperature, air, humidity, and biomass, and crop coverage by remote sensing techniques, including spectroradiometrical reflectance, digital imagery, thermal images, near infrared reflectance spectroscopy, and infrared photography. Crop canopy measurement can be facilitated by high-throughput phenotyping technologies such as robotic imaging platforms and computer vision-assisted analytical tools (Fahlgren et al., 2015) .
Companion organisms surrounding crop plants, as an important component of the environments, include bacteria, fungi, viruses, insects, weeds, and even other intercropping plants. Companion organisms for different crops can be determined, measured, and characterized with a series of methods and protocols through multidisciplinary collaborations. The species, quantity, and mutual relationships for the organisms contained in bulked soil and water samples, or samples collected from leaves or crop canopy can be determined precisely by bulked sample analysis combined with metagenomics and DNA-or RNA-seq (Myrold et al., 2014; Zou et al., 2016) .
Genotype by environment interaction
So far, environmental information has been used collectively as a single component, E, in the model for understanding GEIs, without partitioning into individual factors. Such evaluation usually does not involve any environmental information by assuming that experiments across trial sites were subjected to diverse environmental effects, and thus a large part of the differences among the experiments observed in genetic and molecular analyses could be attributed to GEIs. With a more thorough understanding of plant genotype, we can now largely characterize genes, alleles, haplotypes, gene by gene interactions, and their integrative contribution to a phenotype. With precision envirotyping, the E component can be dissected into individual factors. Thus, theoretical models can be established with precisely measured G, P, and E information to evaluate and predict GEI precisely. As a result, field experiments can be refined with a clear profile of G-P-E and its impacts on heritability estimation.
In the case of treating 'management' as an independent type of variable, genotype by environment by management interaction (G×E×M) can be estimated by evaluating yield, agronomics, and biotic and abiotic stress tolerance in METs across multiple years and locations. The stochasticity and diversity of environments in an evolving target environment places limits on our capabilities to make accurate prediction. Meeting this challenge needs the development of methods for design and creation of appropriate estimation data sets to train the genetic prediction models (Cooper et al., 2014) . Based on whole-genome prediction (WGP) (Technow et al., 2015) , understanding GEIs needs to integrate an appropriate crop growth model (CGM) with information collected from managed environments and the agronomic management strategies involved (combinations of planting date, plant population, fertilizer rates, irrigation strategies, etc.). The data sets obtained from METs can be used to construct suitable training data sets for WGP. This CGM-WGP methodology was applied to an empirical maize drought MET data set to evaluate the steps involved in reduction to practice (Cooper et al., 2016) . It should be noted that the component 'management' in the G×E×M model can be included as a part of E in the GEI model.
GEIs have been characterized through QTL mapping using phenotypic data collected across diverse environments to reveal QTL×E interactions (QEIs). QEIs have been studied by two approaches, comparative QTL mapping across environments using MET data separately to reveal QTL variation across environments (with many examples available) and integrated QEI mapping using genetic models with QEI effects incorporated to test the significance of QEI effects (e.g. Crossa, 2012; Malosetti et al., 2013) . The former approach has been widely used in both linkage mapping (e.g. Lu et al., 1996) and GWAS (e.g. Samayoa et al., 2015) , while the latter has limited examples available (e.g. Jia et al., 2014; Saïdou et al., 2014; Asaro et al., 2017) . Gaps between genotype and phenotype or between gene and phenotype can be narrowed down by creating QTL-based ecophysiological models through modeling combined with genetic mapping. Therefore, we should be able to predict crop performance beyond the tested environments for model establishment and, as a consequence, GEI and QEI can be dissected into the individual components associated with underlying physiological and molecular processes (El-Soda et al., 2014) . To understand QEIs and associated mechanisms further, more theoretical and applied studies should be performed. Ultimately, plant breeding programs can be established on a four-dimensional profile with G-P-E information incorporated with time series (Xu, 2016) .
Agronomic practices
Refining experiments need to standardize agronomic practice by following established protocols. In particular, error control should be carried out during land preparation, planting, fertilizing, weeding, and applying chemicals as required in precision farming. Using correct experimental design is another key factor affecting experimental precision. Alpha design, combined with more replications of a single control across the trial plots but fewer replications of the entire trial, has become a common practice, particularly for large-scale experiments.
With heavy investment, multinational corporations have established research and development systems with decisions supported by big data, including detailed soil information and farm-wide real-time weather data. Realtime soil moisture, temperature, and crop growth status can be obtained using mobile systems supported by big data. Irrigation decisions can be made now using real-time information collected on soil moisture, which becomes crucial with increased climatic variability under global warming, particularly when managed drought screening is conducted in the off-season (Araus and Cairns, 2014) . With limited funding, the public sector has established a cloud-based landscape scale crop assessment tool (LCAT) for crop land identification, crop classification, phenology testing, crop status measurement, and season-input forecasting. LCAT includes data collected from satellites (Landsat, Aster, MODIS, VIR, etc.) and other products. All the agronomic practices with improved precision can be used in genetic research and breeding programs, and ultimately to improve heritability estimation and thus the selection accuracy.
Increasing experimental scale and precision to heighten selection intensity Selection intensity, i, as a constant factor, is determined by selection rate, the percentage of the samples selected from the total population. To heighten selection intensity, we need to increase the experimental scale, which depends on the original population size (Table 1; Fig. 2) . How large populations can be managed depends on how precisely we can work with such large populations and how much cost could be involved. For example, success in physiological phenotyping to identify suitable parents from germplasm resources for crop improvement has been achieved through a multitier phenotypic screening with different levels of precision (Ghanem et al., 2015) . Subsequently, integration of conventional breeding approaches with large-scale and precision phenotyping and a certain level of genotyping in some cases is required to identify genotypes expressing the target trait.
Sample size: general issues
Performing the same experiment many times means that the result can be predicted by the law of large numbers. With more experiments conducted, the average result will tend to get closer to the expected value. Applying the law to plant breeding, a given genetic gain predicted by existing genetic variation should be achieved with more selection trials performed with large sample sizes, combined with carefully designed experiments, managed environments, and wellvalidated phenotyping protocols. Therefore, working with large populations becomes increasingly important for both breeding programs and genetic studies that will contribute to genetic variation detection, gene mapping, and selection response (Fig. 3C-G) .
The sample size required for a genetic model depends on the number of parameters to be estimated. The more parameters involved, the larger the sample size that will be needed. The probability for obtaining desirable recombinants from a segregating population depends on recombination frequency and the segregation ratio, which vary greatly among populations and genomic regions (e.g. Zivy et al., 1992; Xu et al., 1997; Nachman, 2002; Taylor and Ingvarsson, 2003; Farkhari et al., 2011) . The sample size required for obtaining desirable recombinants is determined by the recombination frequency between the two target genes.
There is a balance between the sample size per population that can be exploited for heightening selection intensity and the number of populations, considering the genetic gain that can be achieved with allocated resources. The larger the plants of a crop are, the fewer plants breeders can manage with a given amount of funds. On the other hand, the advantages of using large populations can be offset by increased environmental errors, particularly in field conditions. Working with large populations faces challenges of high diverse/variable land conditions, as this will decrease phenotyping precision and thus the accuracy of estimated heritabilities.
Strategies for increasing population sizes
Technical improvements for increasing population size include high-throughput genotyping with low cost per data point, miniaturization, mechanization, automation, and optimization of experimental conditions across time and space, and reducing sampling errors.
Population sizes in plant breeding can be increased by selection under alternative growing conditions or stages instead of selection of sporophytes in regular field conditions. Genotypic selection before planting using seed DNA (Gao et al., 2008; Hasegawa et al., 2009) , for example, has three advantages. First, selection can be done with as many plants as possible until a certain number of target plants are identified. In this case, limitation is the reproductive ratio, i.e. how many seeds can be generated for a plant. Secondly, selection can be done before planting so that >90% of the land could be saved. Thirdly, selection with seed DNA saves tedious sample tracking from planting, sample harvest, DNA extraction, and MAS for tracing back to the selected plants in the field.
By selective and pooled DNA and bulked sample analyses using extreme phenotypes (Sun et al., 2010; Xu, 2010; Abe et al., 2012; Takagi et al. 2013; Yang et al., 2015; Zou et al., 2016) , the working sample size can be greatly reduced without a significant sacrifice of the statistical power or selection intensity (Fig. 3D) . Compared with classical selection, genomic selection (GS) using selective and sparse genotyping improved genetic gain by 13-32%, indicating that even markers with low densities can be used to trace within-family haplotype blocks accurately. With a small proportion of the phenotypically extreme sibs selected, most of the within-family variance can be captured for normally distributed traits (Ødegård and Meuwissen, 2014) . Other strategies to increase population sizes include selection in vitro (tissue culture for example), which can also be combined with applied stresses such as salt, drought, heat, nutrient availability, etc., selection at the gametophytic instead of the sporophytic stage, selection at the early seedling stage, selection with haplotypes, and working with mutants with small and miniature plants (Xu and Crouch, 2008; Xu et al., 2013) Modeling and simulation has facilitated our understanding of optimized sample sizes instead of performing actual large sample size experiments (Fig. 3D, E, G) . It can help design the best experiments within a given budget for the best genetic gain at a certain level of selection intensity. Simulation results indicate that conventional experiments in genetics and plant breeding have been using much smaller sample sizes than the optimal for several reasons: cost-benefit balance, experimental error control, and balance between the sample size per population and the number of populations.
Throughput and precision
The scale at which selection can be done depends on the throughput and precision associated with selection procedures. In MAS, three types of genotyping platforms will be needed. For efficient GWAS, super-high density markers will be needed to cover all haplotypes. The GBS platform currently available, which is the most cost-effective, can serve well, as GWAS is usually based on genotyping of natural populations that are breeding-true in most cases. The second platform would be the one working with high-density markers and flexible for different genetic research and breeding purposes, including gene mapping, marker-assisted backcrossing (MABC), marker-assisted recurrent selection (MARS), and GS. The number of markers required may vary from crop to crop, but one all-purpose SNP chip containing 1000-10 000 markers will work well. The third genotyping platform would be for selection of major genes, which involves 5-20 markers depending on the selection scheme and the number of genes to be selected. In this case, a large number of genotypes have to be screened, which can be done marker by marker when genotyping becomes significantly cheaper. When genotyping cost reduces to a negligible level compared with the cost for DNA extraction or sample preparation, one universal GBS or similar target sequencing platform can be developed for all purposes of MAS so that throughput and precision can be improved significantly.
Precision phenotyping can help increase the accuracy of phenotypic information and thus reduce the number of selected plants while increasing the selection intensity. Due to the knowledge of more precisely detected field variability and increased precision of the soil profile, the plot numbers may increase up to three times (i.e. from 1000 to 3000) with precision envirotyping, under the same level of field variability, resulting in a significant increase of selection intensity. Precision phenotyping of parents will help identify the crosses with the best genetic gain. The strategies for precision phenotyping involve harmonizing biotic stresses and using remote sensing, multispectral, digital, UAV (unmanned aerial vehicle), and polycopter technologies to measure biomass, spatial variation in the field, senescence, anthesis, lodging, plant stand, ear traits, and bareness. For example, ground-penetrating radar can be used to find and to phenotype root and water uptake. Measurement of soil moisture (and water uptake) by this radar is 10 times easier than by measuring roots or the root system (M. Reynolds, personal communication) .
Precision phenotyping for abiotic and biotic stresses should be performed for each target environment. As a part of phenotyping hubs, robotic phenotyping, Phenobot 1.0, has been established, consisting of facilities such as a mobile platform, navigation, background removal, near infrared reflectance spectroscopy, and equipment for extraction of individual plants from 3D analysis. For plant species such as maize that are too tall to capture the whole plants, it would be difficult to measure single plants and plots over time for dynamic responses to leaf angle as a function of time and canopy temperature. Phenotyping co-ordination among regions needs to include common checks so that cross-plot phenotypic correlation can be done using biomass or yield data.
Phenotyping can be done over time with multiple measurements, particularly for plant growth and development, using advanced automatic and systematic quantification platforms. Dynamic measurement introduces time as an extra dimension to phenotyping and breeding (Li and Sillanpää, 2015) . For data assimilation and feature identification, machine learning (ML) tools will be required to extract patterns and identify features from large-scale precision phenotyping. Taking stress phenotyping as an example, ML approaches can be deployed at four stages of the decision cycle: identification, classification, quantification, and prediction . Comprehensive ML tools are available to empower the plant community with best-practice guidelines for large-scale phenotyping and increased selection intensity.
Cost reduction
For a successful molecular breeding platform, cost is the third key component affecting scale and population size, and thus genetic gain, in addition to throughput and precision. As the fund allocated for genotyping, for example, is limited and a minimum number of samples per population has to be genotyped in order to achieve a certain level of genetic gain, the cost per sample becomes a key to determine whether a genotyping platform can be adopted by breeders. As most breeding companies or institutes in developing countries are relatively small, the fund that can be allocated to genotyping is limited.
Genetic gain per dollar spent (low cost) becomes an increasingly important criterion for plant breeding. GS provides many opportunities to increase genetic gain per cost, which will be discussed in detail in the following section. With promising empirical and simulation results, resource allocation needs to be optimized for GS to deliver genetic gains (Heslot et al., 2015) . With decreased genotyping cost, phenotype data has become the most valuable asset, and MAS strategies should be developed to use the most of scarce and expensive phenotypes to increase the scale and precision for the entire breeding pipeline.
Accelerating the breeding process to shorten cycle time
When genetic gain is measured by unit time, for example per year, accelerating the breeding process becomes critical as it will shorten the cycle time and thus increase the total genetic gain per year. There are several ways to shorten the cycle time (Table 1 ; Fig. 2 ). First, with increased selection efficiency and accurate MAS, it will take a much shorter time to obtain desirable genotypes. Secondly, speeding up the homozygous process can be achieved by one-step pure breeding such as the DH approach or in fewer generations by MAS. Thirdly, speeding up growth and development (e.g. using early mutants, greenhouses, growth chambers, etc.) will help manage more generations per year. Fourthly, the breeding process can be accelerated through integrated approaches using all possible strategies, combined with other technologies such as forward breeding, mechanization, precision phenotyping and envirotyping, and rapid decision-making supported by breeding informatics and tools. This section will only discuss MAS and integrated MAS-DH approaches.
Accelerating breeding schemes by MAS
Several MAS strategies have been developed for accelerating breeding schemes. MABC can be used to introgress genes from one genetic background to another much more quickly than phenotypic selection. Using tightly linked markers, a target gene can be transferred with minimum linkage drag in two backcross generations, which otherwise would take 8-10 generations by conventional backcrossing (Tanksley et al., 1989) . Marker-assisted gene pyramiding (MAGP) has been powerful to incorporate several genes into one genetic background, with reduced population size and much shorter time than a conventional intermating scheme (Servin et al., 2004) . MARS, using significantly associated molecular markers, has been playing an important role in accumulating favorable alleles more precisely, quickly, and effectively than phenotypic recurrent selection, particularly for outcrossing species (Beyene et al., 2015a (Beyene et al., , 2016 . Genome-wide selection (Meuwissen et al., 2001; Resende et al., 2012) or GS was proposed as an approach to accelerating the breeding process. For hybrid crops, MAS can be exploited for identifying homozygotes and differentiating heterotic groups at the whole-genome level. Traditionally, heterotic groups have been developed through many cycles of phenotypic selection for the genetic loci contributing to hybrid performance. With MAS, haplotypes can be identified for specific heterotic groups, by which selection can be done for any segregating population, with desirable individuals identified with limited or no conventional test crossing or progeny test. Once haplotypes contributing to heterotic groups and hybrid performance are identified and refined, the breeding process can be shortened. The above MAS methods can be used individually or together (Xu et al., 2013) , particularly for shortening the breeding cycle (Table 1; Figs 2, 5). By implementing MARS among physiologically immature palms, the time per cycle has been reduced from 19 years to 13 years (Wong and Bernardo, 2008) . For annual crops, genetic gain per unit time can be increased by implementing multiple cycles of MAS in greenhouses or off-season. Early results from several crops, including maize, soybean, and sunflower, have revealed how MARS can increase genetic gain per unit time (Eathington et al., 2007) . The future of plant breeding will need to complement empirical evaluation with genetic prediction (Cooper et al., 2014) . As MABC, MAGP, and MARS have been discussed widely elsewhere, only GS will be discussed here in detail.
Instead of incorporating only significant markers into a selection model as in MARS, GS uses all markers covering the entire genome. First, a prediction model for estimating marker effect and GEBV is developed using a training population with both genotypic and phenotypic information. Then with a breeding population, the prediction model and marker effect are used to obtain the GEBVs for all the individuals based on their genotypic data. GS increases genetic gain per unit time due to a shortened selection procedure and more growing cycles per year. With GS, selection can be done at any location so that selection in non-target environments can be carried out using marker genotypes based on the training model. GS in maize allows two time points of off-season selection, so that one more crop can be grown in a year, compared with two crops per year for phenotypic selection alone, where only one off-season crop can be grown, otherwise target genes would be lost during the second offseason selection in the non-target environment. Facilitated with advanced modeling techniques, GS would generate gain per unit time, well out-performing traditional breeding practices (Kainer et al., 2015) , especially in perennials such as Eucalyptus, oil palm, tea tree, and hop where overall gain can be greatly increased with reduced cycle time (Fig. 1) . As combining ability and GEI effects can be estimated on Fig. 5 . Integrated plant breeding platform for enhancing genetic gain. The breeding cycle starts with germplasm evaluation, followed by marker-assisted selection (MAS) of desirable genotypes, generation of a large number of pure-breeding lines through the doubled haploid (DH) approach, seed DNAbased selection, and field testing to select the final breeding products for commercialization.
early-generation materials, genetic gain per generation can be increased through GS at an early stage. Selection for carotenoid content in cassava has validated the advantage of reducing cycle time (Ceballos et al., 2013) . GS increases genetic gain per unit cost for complex traits due to reduced phenotyping cost of the complex traits required to test in METs. For grain yield in maize, the cost of phenotyping will be 3 loci×2 reps×5-7 US$/plot=30-42 US$, which is more expensive than genotyping with GBS, 13 US$ per sample for 384 plex and 34 US$ for 96 plex. In wheat, the cost of quality testing is more than US$20 per sample. On the other hand, GS increases genetic gain by heightening selection intensity under the same budget. If the genotyping is cheaper than phenotyping, we can increase population size and selection intensity by genotyping more but phenotyping fewer samples. GS information can be accumulated and shared across breeding programs. As GS continues, information from modeling and selection will accumulate to help in improving the efficiency and accuracy of future GS. Small breeding programs can use haplotype effect estimates generated by larger programs (e.g. CIMMYT), if their breeding populations are closely related to the training population. However, haplotype effects also change with selection and thus need to be re-estimated frequently (Podlich et al., 2004) .
The advantage of GS depends on its prediction accuracy (r MG ), which is estimated as the correlation between TBV and GEBV, by dividing by the predictive ability (r MP ). The important factors affecting prediction accuracy include statistical models, heritability of the target traits, population structure of the training and breeding sets, trait architecture (e.g. incorporating the markers of major QTL/genes in the model as a fixed effect), marker density and associated functions, population size, and the relationship between training and breeding populations.
Statistical models
Performance of statistical models depends largely on genetic architecture and population structure. GS in crops introduces modeling challenges not found in animal breeding, as we have to include replicate plants for each genotype, address field spatial variation and GEIs, and capture non-additive effects. Increased prediction accuracy could be achieved with incorporation of GEI (Crossa et al., 2014) and spatial variation (Oakey et al., 2016) , prediction based on the P-GBLUP (pedigree-genomic best linear unbiased prediction) model (Crossa et al., 2013) , the 'GS+de novo GWAS' model (Spindel et al., 2016) , modeling epistasis for selfing species (Jiang and Reif, 2015) , and GS based on a large commercial population with shifting from additive to additive plus epistatic effects models .
Heritability (Fig. 3E, G) In animals, moderate heritability production traits had higher accuracies of GEBVs (>0.7), while low heritability functional traits had lower accuracies (>0.5). Genotyping female calves or heifers provided additional profit to compensate genotyping costs in commercial herds (Yin and König, 2016) . Greater prediction accuracy was achieved with higher trait heritability in the training population in barley (Sallam et al., 2015) , tomato (Duangjit et al., 2016) , and maize (CIMMYT, unpublished).
Training populations (Fig. 3E) The results from soybean (J. and tomato (Duangjit et al., 2016) revealed the effect of training population size on prediction accuracy. In barley, however, progeny sets could be predicted sufficiently by using the parent set, while little to no gain in accuracy was achieved with larger training populations by using both the parents and subsequent progeny sets (Sallam et al., 2015) .
Population relationship
GS experiments conducted with diverse panels of fixed lines for maize yield revealed that accuracy within groups (0.50) is much higher than that across groups (0.12) (Windhausen et al., 2012) . Analysis of multilocation yield data from barley and maize revealed that training populations must be expanded beyond the full-sib family under selection (Endelman et al., 2014) . In maize, breeding networks were proposed to begin with a few closed, multiparent populations. Lastly, new models are needed to improve predictions, particularly when distantly related individuals are used in the training population (Heslot et al., 2015) , with high density markers.
Selection in subpopulations based on reliable criteria showed substantially high genomic prediction ability. In wheat, selection in a highly structured population had a moderate overall prediction accuracy (r cv =0.50), compared with a high accuracy (r cv =0.70) in a less structured population (Habyarimana, 2016) and only a sizeable proportion of the prediction accuracy that can be accounted for by pedigree (Crossa et al., 2014) . When unrelated populations were used to train the prediction equations, however, prediction accuracy becomes negligible (Crossa et al., 2014) . In tomato, population structure negatively affected prediction accuracy, and using more related accessions provided more accurate predictions (Duangjit et al., 2016) .
Population sizes (Fig. 3E, F) With an increased training population size, marker effects will be estimated more accurately (Crossa et al., 2013) . The accuracy of genomic prediction increased with training population size and was higher with an unbalanced design spread across multiple locations than when all entries were tested in one location (Endelman et al., 2014) . The prediction accuracy for 10-fold cross-validation (90% in training) is always higher than that for 5-fold cross-validation (80% in training) (X. Zhang, personal communication). However, gain from increased selection intensity is far from linear. To double genetic gain, the population would need to increase 10-fold. Increasing selection intensity from 1 in 1000 to 1 in 10 000 only increases predicted gains by ~20% (G. Atlin, personal communiction).
Marker density and function
In general, whole-genome models provide prediction accuracy suitable for application in crop breeding . In rice, GWAS analyses using 73 000 markers suggest that using one marker every 0.2 cM is sufficient for GS (Spindel et al., 2015) . In biparental maize populations for simple traits with moderate to high heritability, good prediction was obtained even with low-density SNPs (~200 markers), but including more markers generated by GBS (58 731 markers) outperformed low-density SNPs for complex traits with low to moderate heritability . In tomato, using 2313 SNP markers resulted in reduced prediction accuracy (Duangjit et al., 2016) .
Simulation in animals revealed that upweighting rare favorable alleles increased long-term genetic gain . Including functional markers and markers significantly associated with target traits will improve prediction accuracy. Pyramiding genes quickly by MAS with known genes, as described by Bernardo (2014) , has been proven by selection of oil content with a 20% increase in two cycles (J. Fu, personal communication), compared with 30% oil content achieved through long-term selection of 100 generations (Dudley and Lambert, 2004) . In soybean, 22 loci for seed weight and candidate genes controlling seed development were included; and prediction accuracies with GS and MAS were 0.75-0.87 and 0.62-0.75, respectively (J. . In wheat, modeling the genotypes at Sr2-linked markers as fixed effects led to better predictions, while incorporating seedling stem rust phenotype information as fixed effects in GBLUP did not consistently increase accuracy (Rutkoski et al., 2014) . In maize, inclusion of the 24 SNPs significantly associated with maize lethal necrosis disease in the prediction model only slightly improved the accuracy (Gowda et al., 2015) .
GS has been widely used in animal breeding including dairy and beef cattle, pigs, poultry, and fish (Jonas and de Koning, 2015; Meuwissen et al., 2016) , and already is a part of future planning for many companies for breeding pigs and beef cattle. In pigs, a single-step evaluation for genomic selection has been implemented in leading breeding companies, with GEBV accuracies increased by half (Knol et al., 2016) . For sheep and goats, GS has been affected by some specific issues, including small reference population sizes, low LD, multibreed evaluations, limited phenotype recording, and marginal genotyping cost-benefit (Rupp et al., 2016) . In wheat, GS for quantitative resistance to stem rust reduced cycle time by up to 2-fold when compared with current breeding schemes (Rutkoski et al., 2011) . In Jatropha, higher cumulative genetic gains could be obtained (159% versus 108%) for a hypothetical period of 21 years, equivalent to three selection cycles, and R 2 =80% (Laviola et al., 2013) . A 14-50% superiority in gains from GS over MARS was reported in maize (Massman et al., 2013) . A comparative study with selection undertaken across 8-10 bi-parental populations revealed that both GS and MARS schemes outperformed pedigree selection . Maize hybrids derived from C3 through GS in eight bi-parental populations produced 7.3% higher grain yield than those developed through pedigree breeding (Beyene et al., 2015b) . GEBV-based selection resulted in rapid genetic gains for drought tolerance in maize, with a superiority of 10-20% over phenotypic selection (Vivek et al., 2017) .
Molecular markers have been used in wheat breeding in the CIMMYT global wheat program, with prediction methods recently developed to achieve genetic gain for complex traits (Dreisigacker et al., 2016) . In sorghum, cross-validation with multiple analytical methods indicated high prediction accuracy for biomass yield. Detailed analyses on prediction reliability provided new insights into strategy optimization (Yu et al., 2016) .
In future, GS needs to incorporate both qualitative and quantitative traits into training models and include general information from common checks and pedigrees reconstructed and validated with molecular markers. Populations used for GS should be extended to those derived from multiple parents such as MAGIC populations (Kover et al., 2009) and half-sib populations (Jacobson et al., 2014) . Rapid cycle GS experiments implemented in multiparent populations in CIMMYT-Mexico showed that two selection cycles per year could be performed in maize based on GEBV selection only, and an average genetic gain of grain yield reached 0.134 t ha -1 per cycle (X. Zhang, personal communication) . To improve the long-term genetic gain while maintaining genetic diversity, GS experiments in maize were conducted using closely related synthetic populations, and the result showed a genetic gain of ~2%. As the selection cycle is reduced to 0.5 year, the genetic gain per unit time is almost doubled (X. Zhang, personal communication) . Prediction accuracy may be increased through improved heritability estimation, well-managed environments, improved modeling with accumulated GS information, increased population sizes, genic and significantly associated markers, well-understood GEIs and environment sites, and improved data mining.
Integrated MAS-DH approaches
DH breeding involves a one-step process for breeding true that could take up to six or more generations with conventional breeding (Figs 2, 5 ). There are now five different approaches that can be generally used to produce haploids in plants (Palmer and Keller, 2005; Xu, 2010) : (i) wide hybridization followed by chromosome elimination; (ii) gynogenesis with unfertilized isolated ovules and ovaries cultured or embryo development from cells of the embryo sac; (iii) androgenesis with anthers or isolated microspores cultured that undergo embryogenesis or organogensis; (iv) parthenogenesis with embryos developed by pseudogamy, semigamy, or apogamy; and (v) an inducer-based approach with haploids produced by haploid-inducing lines. A productive and valuable DH system needs to have a relatively high haploid induction rate, high-frequency DH production independent of genotypes, and time-and cost-effective protocols. Development of DH protocols for 25 species in recent years (http://www.primaryinfo.com/scope/haploid.htm, last accessed on April 26 2017) has substantially increased the application of DHs to plant breeding. Each crop has its own appropriate most suitable DH approach. The efficiency of the DH approach varies significantly among crops, and for some crops it may not be so attractive to breeders. It is expected that the DH approach will be improved in all aspects, particularly for induction and doubling rates, selection in DH procedures, and identification of haploids through both visual and automatic systems as in maize using high oil (Melchinger et al., 2013; Dong et al., 2014) and MAS (Dong et al., 2014) . A sperm-specific phospholipase, which controls haploid induction in maize and is triggered by a frameshift mutation, was cloned recently through fine mapping, genome sequencing, genetic complementation, and gene editing (Kelliher et al., 2017; Liu et al., 2017) . As the gene is conserved in the cereals, it can be edited or modified and used to facilitate the development of in vivo haploid induction systems in crop plants. Improvement in technology and effective protocols will allow the DH approach to be adopted by more crops breeding programs.
When MAS is combined with DH, the cycle time can be shortened by pure breeding of selected desirable segregates (Fig. 5) . The best example of the combined GS-DH approach can be found in maize, where the DH process results in too many pure-breeding lines produced from GS derivatives to be tested through field trials and they have to be selected before planting through seed DNA-based MAS using candidate genes, functional markers, or favorable haplotypes. Alternatively, DH lines can be selected by GS using a part of the DH lines as the training population to develop models for selection of the remainder. When combined with MAS, the DH approach results in increased genetic gain by facilitating multiple trait and gene stacking, increased efficiency and probability of successful variety development, and reduction in the time to market. In addition, genetic progress of the DH approach could be further improved by rapid generation cycling through in vitro culture (De La Fuente et al., 2013) .
As an extension to GS, optimal haploid value (OHV) selection was proposed to predict the best DH that could be produced from a segregating plant (Daetwyler et al., 2015) , which is implemented by focusing on haplotype selection and optimizing the breeding program towards its end-productan elite fixed line. Rigorous testing using computer simulation revealed up to 0.6 SDs more genetic gain than GS. On the other hand, OHV selection preserved a substantially higher level of genetic diversity in the population than GS for long-term genetic gain.
The CIMMYT Global Maize Program (GMP) is applying DH technology and the MAS approach both jointly and independently to increase genetic gain for biotic and abiotic stress tolerance in maize breeding. Key considerations regarding best practices for successful implementation of these technologies in applied breeding programs include logistics planning, critical path analysis, decision tree flowcharts, and stakeholder engagement for optimizing the choice of method or combination of methods to maximize the cost-effectiveness of the breeding programs. A case study looking at the integrated application of these technologies can be found from the GMP breeding programs in Africa, where the challenge is to combine multiple tolerances to abiotic and biotic stresses, together with competitive yield under optimal conditions and improved cost of goods sold (COGS) parameters. The breeding team utilizes a combination of elite adapted and relatively unadapted donor germplasm simultaneously to improve genetic gain for these important traits.
Future prospects
Genetic gain needs to be further improved to meet the many challenges we are facing, such as CO 2 increase, urbanization, air and water pollution, soil degradation, extreme environmental conditions, health concerns, and new diseases. As current and expected future relative genetic gains are not sufficient to meet the projected demand for major crops by 2050, other opportunities and approaches need to be explored.
New opportunities for enhancing genetic gain
There are two important issues relevant to novel genetic variation. The first is to eliminate deleterious mutants while identifying and accumulating novel genes and alleles. Domestication and improvement have contributed to the accumulation of specific deleterious mutations, for example in sunflowers and other compositae crops, where deleterious mutations predicted bioinformatically with effects on protein function were strongly over-represented (Renaut and Rieseberg, 2015) . Induced mutation and creation of mutant libraries in recent years have generated a large number of deleterious mutants that should have been weeded out in plant and animal breeding.
The second issue is to reconstruct or modify genetic networks through breeding by molecular design and modifying molecular and metabolic pathways. This technology, for example, should be explored for enhancing wheat yield potential by transforming photosynthesis into the C 4 type. C 4 crops, such as maize, sorghum, and millet, show up to 50% greater resource use efficiency than C 3 species including wheat, rice, and most vegetables. Basic research suggests the theoretical possibility for substantial yield improvements (Long et al., 2006; Zhu et al., 2010; Betti et al., 2016) . Theory as well as proofs-of-concept in other species indicate that wheat yield can be increased by ~50%. However, natural genetic variation has barely been explored for photosynthesis, although transgenic solutions are already under development.
Genetic gain depends largely on selection of desirable recombinants that can be expected based on crossover events. Crossover events have been largely characterized through analyses of crossover-associated DNA sequence motifs, open chromatin signature, crossover landscape variation between male and female meiocytes and between species, preferential occurrence in promoter region, biased mismatch repair during meiotic recombination, and GC content gradient (Melamed-Bessudo et al., 2016) .
Gene stacking is relevant to enhancing genetic gain. As many agriculturally important crops are recalcitrant to transformation with currently available protocols, development of high-efficiency gene stacking systems is crucial. Series of events in plants can lead to the development of a gene stacking transformation system (Ow, 2016) . Emerging as powerful tools for gene stacking, recombinases have shown their specificity and efficiency in plant cells (Srivastava and Thomson, 2016) . Site-specific integration in plants is a necessary step towards serial DNA stacking through transgene additions or genome editing. MAS has been successfully used for gene stacking, and in a recent report, high-yield and superior quality rice was developed through pyramiding major genes from three parents (Zeng et al., 2017) .
To take all the opportunities for enhancing genetic gain, more transdisciplinary approaches, and thus team breeding, will be required. To explore all gene functions and multigene trait engineering, we need to understand both the systems that we can leverage for genome engineering (e.g. DNA repair) and the systems that we are hoping to engineer (e.g. carbon fixation). Synthetic biology will become increasingly important, by which plant breeders could design and engineer biologically based parts, novel devices, and systems that have never been seen in nature before-as well as redesigning existing, natural biological systems (Kitney and Freemont, 2012) . Methods/tools typical for synthetic biology include DNAbased circuits (Bio-Bricks), synthetic metabolic pathway engineering, gene synthesis, and genome-level engineering (e.g. genome editing). Crop genetics can be optimized through targeted genome optimization, using various precise modification approaches for gene knock-out (targeted removal of native sequences or large genomic regions), gene stacking (targeted introduction of cis-or trans-genes), and gene editing (targeted highly precise modification of native, transgene or non-genic sequences) (Ruiter, 2017) . Targeted DNA methylation could also be very useful in genetic improvement because it can be used to create or recreate useful epialleles from natural populations. Methylation is not only an on/off switch, but can also cause partial silencing, contributing to changes in gene expression. The assembly of haplotypes in a crop-breeding program (Bevan et al., 2017) will replace the conventional approach to combining individual markers that are associated with target traits.
High-efficiency breeding pipeline
For modern technology-driven plant biology, where biologists presented challenges and computational scientists offered solutions, an integrated plant breeding platform involves a multidisciplinary collaboration. A fully functional breeding pipeline should also include a robust, user-friendly, wellsupported information and breeding management system, regional biometric support, and a mechanized, semi-or fully automatic field and breeding operation (Xu, 2010; Varshney et al., 2016) . The tools of genomics, molecular biology, population genetics, and quantitative genetics are all giving plant breeders the information necessary to breed crops with higher genetic gain, and to understand how bioinformatics and modeling will drive breeding where GS and genome editing become common practices, and how we ensure these benefits accrue for the developing world (E. Buckler, personal communication) . To integrate all available technologies and tools into a breeding program, a strong breeding team involving transdisciplinary experts should be established, by which genetic gain can be enhanced, with breeding products generated through a multidiscipline-supported breeding pipeline.
Experience from multinational corporations shows that their breeding focus to increase genetic gain and protect productivity for many major crops has been built on a base of extensive genetic diversity that can be harnessed with new genomic and data technologies. In Monsanto, for example, these integrated systems enabled accelerated improvement in key plant health traits through scaling of breeding programs with enhanced decision-making. The extensive and valuable data collected on products in the pipeline support better product advancement and the customer's decisions (R.G. Cantrell, personal communication). In the case of wheat, genetic gain must be achieved through a high-efficiency breeding pipeline, particularly for stable grain yield and disease resistance across years to meet the challenges of fluctuating temperatures, erratic rainfall, and rapidly changing pathogens (Rutkoski, 2016) . Harnessing big data-driven approaches on a large scale could dramatically accelerate genetic gain and thus improve yield and disease resistance.
For public sector breeding programs, it is critical to modernize breeding technology and management methods at rates of genetic gain high enough to feed still-growing populations (G. Atlin, personal communication.). The key metrics by which breeding programs and seed systems in developing countries need to be assessed are (i) the rate of genetic gain they deliver in farmers' fields; and (ii) the average age of varieties in farmers' fields. As a part of these efforts, the project Genomic and Open-source Breeding Informatics Initiative (GOBII), supported by the Bill and Melinda Gates Foundation (BMGF), has been launched to put in place the systems, databases, analytical pipelines, and decision support tools that will allow plant breeders serving smallholders in the developing world to apply genomic information in variety development to increase genetic gain (Robbins et al., 2016; Varshney et al., 2016) . As bioinformatics becomes more expensive than genotyping, a universal bioinformatics platform should be established for diverse platforms and uses involving genotyping, phenotyping, and envirotyping.
As a part of a high-efficiency breeding pipeline, an opensource breeding network has been proposed for developing countries (G. Atlin, personal communication), which has six advantages: (i) accessibility for small programs to haplotype effect estimates for environments and traits which they cannot evaluate; (ii) a phenotyping partnership for sharing phenotyping done by other network members; (iii) accessibility to DH lines without setting up a DH facility; (iv) sharing haplotypes and marker effects but keeping proprietary for developed lines; (v) a hub program partnership providing efficient DH production, genotyping, and informatics pipeline services; and (vi) low-cost sourced genotyping platforms. By using these advantages, small breeding programs can focus on screening, selection, seed production, and marketing. Therefore, the open-source GS network model can provide small and medium enterprises and national agricultural research systems with powerful breeding technologies now only available to multinational seed companies.
For many crop plants, particularly for those with high commercial value, enhancing genetic gain has been largely driven by breeding efforts from the private sector including multinational seed companies. However, for the crops that are considered less commercially valuable because of their small or fragmented seed market or the availability of seed saving or regeneration, their breeding has been largely driven by the public sector. Compared with the heavy investigation contributed by the private sector on commercially valuable crops, there is a critical need to maintain funding for public sector breeding programs and for the innovations in the next-generation predictive models that plant breeders will draw upon. The ultimate change of the trajectory of genetic gains has emanated from public sector endeavors, as shown by long-term funding support from BMGF to CIMMYT's maize breeding programs in Africa.
Broad-sense genetic gain
In addition to higher yield, recent emphasis in plant breeding has also been on the genotypes with premium value and quality to satisfy consumer preferences. For example, superior rice varieties should achieve genetic gain linked with grain quality attributes and sensory perception (Anacleto et al., 2015) . The concept of genetic gain may also be extended to cover the gain farmers can achieve in their income with unit cost or input.
Considering the increasing cost reduction per data point in MAS due to the development of high-throughput technologies and the multiple location/environmental trials that would be needed in phenotyping, gains per unit cost will become more attractive. With the first generation of SNP chip (containing 1536 SNP markers), the cost of genotyping was already less than the cost of phenotyping (Bernardo, 2008) . The price per entry in multinational seed companies was as low as 15 US$ for ≥20 000 markers in 2014, compared with 40-60 US$ for an SNP chip with 1536 markers in 2008. The advanced genotyping technologies, including GBS, rAmpSeq (repeat Amplification Sequencing; Buckler et al., 2016) , AmpSeq (amplicon sequencing; Yang et al., 2016) , etc., have significantly reduced the cost for genotyping as low as 5 US$ per sample or less. With further technical improvement, one genotyping system may become more viable to replace others.
For hybrid crops, genetic gain should be assessed for both hybrids and their parental inbreds. Genomic prediction of inbred per se or test cross and hybrid performance should be a promising selection tool as long as the training and prediction set is tested with the same tester and environments. In practice, however, predictive ability for hybrid performance could be reduced, as selection targets often change in terms of testers, target environments, or traits. Hence, it would be desirable to estimate for given training data and breeding populations, using both inbred and hybrid breeding populations. To forecast the predictive ability under different selection targets in the training and prediction set, formulae were derived and applied to predict the test cross performance based on the line per se or test crosses (Schopp et al., 2015) . As a result, deterministic formulae enable forecasting of the predictive abilities of new selection targets, and thus resource allocation in multistage GS could be optimized by calculating relevant parameters using the formulae. In addition, pedigree information that has been used for model development and prediction may no longer be so critical in the future as true pedigrees and parental genotypes/contributions can be reconstructed using highdensity markers in combination with incomplete pedigree information available.
Conclusion
Advances in biological science and technology, which involve genomics, informatics, modeling, communication technologies, satellite imaging, remote sensing, and precision farming and agriculture, have contributed significantly to increasing crop productivity. Omics approaches, high-throughput genotyping, and transgene and genome editing will play an important role in unlocking and creating genetic variation. High-throughput precision phenotyping can be explored for improving heritability estimation, while envirotyping can be implemented for controlling environmental errors and improving phenotyping; The G-P-E typing strategies can be integrated and used for enhancing genetic gain, when combined with population management, a modern breeding pipeline, and standardization of breeding procedures. Among currently available technologies, sequencing, genome editing, GS, and DH production are game changers that will significantly impact on genetic gain in plant breeding. Highthroughput and low-cost sequencing will result in a full genome capture of genetic variation that will facilitate marker development, gene discovery, and GS. The three others will contribute to improved breeding precision and efficiency by generating desirable variation for important target traits, accumulating favorable alleles across multiple QTL, and accelerating breeding procedures and product development.
A high and sustained rate of genetic gain is a key component of agriculture transformation; the genetic gain delivered in farmers' fields is the key measure of effectiveness of a crop improvement system (Fig. 2) . Compared with multinational seed companies, the public sector is more and more engaged with the so-called orphan crops or crops in which the industry does not invest as much because of little economic return and/or incentives. On the other hand, the public crop improvement system is lagging in technology and management, and is underperforming. Research leaders, scientists, and the donor community must take responsibility for enhancing genetic gain, particularly in developing countries, which has been backed up by big donors, such as BMGF, that are committed to helping modernize and improve the international crop improvement system largely through establishment of public-private partnerships. and the Agricultural Science and Technology Innovation Program (ASTIP) of CAAS. Research activities of CIMMYT staff were supported by the Bill and Melinda Gates Foundation and the CGIAR Research Program MAIZE. We thank CIMMYT colleagues for useful discussion on genetic gain-related issues.
